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THE USE OF HIGH AND MEDIUM RESOLUTION IMAGERY TO DETECT
AGRICULTURAL LAND COVER IN CHINESE CITIES:
A CASE STUDY OF NANJING 2000 TO 2015

Erik Breidinger, M.S.
Western Michigan University, 2019

According to McGee and Ginsburg’s desakota hypothesis, rapidly growing Asian
cities differ from large Western cities in their land cover/land use (LC/LU) as they retain a
significant portion of agricultural land and labor despite rapid urbanization. However,
significant amounts of agricultural production within desakotas takes place in plastic
greenhouses, causing a unique problem when calculating LC/LU estimates via traditional
remote sensing techniques. While greenhouses appear equivalent to developed land
spectrally, their purpose is entirely agricultural. This study provides an improved method
of calculating greenhouse land-cover as agricultural land-use using Jiangning District in
the city of Nanjing as the study area of the desakota hypothesis. Satellite images from
Landsat 8 Operational Land Imager (OLI) and Landsats 4 and 5 Thematic Mapper (TM)
of Nanjing at 30-meter pixel resolution are analyzed for the years 2000, 2010, and 2015,
and also incorporating an additional 2-meter pixel resolution image from WorldView-2 for
2015. Additional archival data, ground truthing and training points were collected on-site
in Nanjing in May 2018. Synthesizing high- and medium-resolution images into per-pixel
and object-based classification techniques achieved a marginal increase in greenhouse
areas incorporated into estimates of arable land.
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CHAPTER I
INTRODUCTION
Rapid urbanization is one of the most encompassing contemporary global trends
of the last half century. Understanding the forms and functions of the urban landscape is
essential as more and more human beings live and work in cities. In 1975,
approximately 33% of the Earth’s population lived in urban areas. By 2012, that number
had crossed the Rubicon to a majority of 51% (Newbold, 2014). Newbold (2014)
estimates that urban populations will increase by an additional 10% by 2030. The
United Nations projects that population growth in many Asian nations will slow only after
the year 2050, while the populations of African nations will continue to rise indefinitely,
with most settling in cities (United Nations, 2017). Further, the nations of Asia and Africa
have the fastest growing percentages of urban populations vis-à-vis their total
populations (United Nations, 2017) (Figure 1). Cities will play increasingly larger roles in

Figure 1.1: Population growth projections by continent (United Nations, Department of
Economic and Social Affairs, Population Division, 2017).
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the human story – but not all cities show the same histories of expansion, land use and
morphology.
Over the last several decades, researchers have noted significant contrasts
between Eastern and Western cities. During the mid- and late-20th century, studies of
urban morphology grew more sophisticated. In the 1990s, Norton Ginsburg and Terry
McGee published theories that East, South, and Southeast Asian cities were growing in
different ways as compared to growth patterns of cities of the West (Ginsburg, 1991;
McGee, 1991). Instead of the classic core-periphery models long applied to cities in the
classically defined “west,” cities in Asia were maintaining low-rise mixed-activity regions
between the densely urbanized districts in an increasing number of Asian mega-cities.
Green space of several types was left in place and allowed to compete with other urban
services, allowing for pockets of ecological and economic resources historically
associated with “rural” places to prevail. For Ginsburg and McGee, these places as they
envisioned them did not develop in Western cities, nor were they anticipated in the
majority of models of Western urbanization. After some debate, Ginsburg and McGee
named these mixed-use urban areas desakota regions based on a melding of the
Bahasa Indonesia terms for city (desa) and village (kota). Within desakota regions,
agricultural and non-agricultural land uses are interlocked in a seemingly chaotic nonpattern that may or may not be ultimately transitory.
Ginsburg and McGee (1991) further characterized desakota regions by both their
economic activities and socioeconomic characteristics. Despite agriculture’s strong
presence, population densities are high, mirroring urban areas. In the desakota,
transportation networks, and the level of population mobility that accompanies them, are
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extensive. Secondary and tertiary sector employment opportunities are common and
diverse with a high proportion of female employment in non-agricultural activities.
Finally, desakota regions experience somewhat lax land use regulation policies and
management vis-à-vis enforcement in proximate cities and suburbs.
My research will tackle a single issue related to desakota regions, using the
urban district of Jiangning, under the political jurisdiction of the city of Nanjing, China as
a study area (Figure 2). While knowledge of desakota regions is not lacking, studies
related to time-series analyses of the permanence of agriculture within these mixed land
use regions remains quite limited. McGee and Ginsburg originally posited that desakota
regions make East, South, and Southeast Asian cities idiographic from Western cities.
However, this work was published at a time when cities such as Nanjing, Jakarta,
Manila, and Tokyo were still in the process of rapid growth. It has now been several
decades since the initial desakota publications, and several more decades since the
beginning of the Asian post-war economic booms. Thus, re-examining the permanence
of agriculture in previously identified desakotas against a background of urban growth is
necessary and timely. Results could potentially influence urban planners in the near
future as urban places grow in site, number, and population. For this time series
analysis for the years from 2000 to 2016, I will employ land use classifications derived
from satellite images. However, desakotas represent a unique challenge, as they are
characterized by a mixture of land uses, making typical medium-resolution satellite
images analyses insufficient for creating accurate land use classifications using
conventional methods. To these ends, my research questions are:
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Figure 1.2: Study location of 10 Jiedao in Nanjing, China.
1. Has arable land remained a prominent land use within the Jiangning
District desakota as predicted by the models of McGee & Ginsburg and
others?
2. And, what, if any, changes have occurred in desakota land use within the
Jiangning District of Nanjing from 2000 to 2016?
3. Finally, what lessons regarding desakota regions generally might be
derived from this case study?
Desakota regions, by nature, contain agricultural, residential, retail, and
manufacturing land uses competing for labor, business, and land access. In order for
agriculture to compete economically with manufacturing and retail, farmers will often opt
4

to incorporate new technologies to diversify the types and quality of their crops. One
such technology includes a variety of plastic-covered greenhouses (PCGs) and related
technology (irrigation, humidifiers) used to produce higher value fruits and vegetables.
The adjustment of remote sensing techniques to detect PCGs will constitute a major
technical aspect of this study’s land-use/land-cover analysis, which requires highresolution satellite imagery. With that in mind, a fourth research question is presented:
4. How can higher spatial resolution satellite imagery improve desakota land
use classifications?
In short, this study will assess land-use/land cover change over time for the 10
Jiedao (sub-district political units) within the Jiangning District of Nanjing for the years
2000, 2010, and 2015, using publicly available Landsat 5 and Landsat 8 30-meter
resolution imagery, as well as one commercially available high spatial resolution (2meter) WorldView-2 satellite image of one Jiedao (Lukou) in 2014. Jiedao are the urban
sub-district planning units for all Chinese cities after the year 2000. Archival data from
the Jiangning District Statistical Yearbooks compiled for census and planning purposes
for the same years will be utilized to analyze the official statistics on agricultural
production and land cover change and characteristics over the 15-year time period.
The next chapter will provide a summary of past information and research related
to the desakota model and remote sensing techniques that inform the methods applied
in this research.
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CHAPTER II
REVIEW OF SALIENT LITERATURE
2.1

The Desakota Hypothesis
Necessary to answer research questions 1, 2, and 3 listed in chapter one is an

accurate understanding of the ontogeny of the desakota model. Desakota is a concept
of rural-urban land use created by Norton Ginsburg and Terry McGee in the early
1990s, following in the footsteps of earlier urban geographers and theorists such as
Jean Gottmann, the French geographer who studied the urban agglomeration
developing along the United States’ northeastern seaboard. Gottmann wrote his
landmark book on the subject: Megalopolis (1961), and this work proved influential to
both Ginsburg and McGee. Researchers studying urban form and development in
Western cities came to a few nomothetic findings about urban spatial organization,
principle of which is that urban and rural regions are dichotomous. But, were these
models appropriate in the context of the fast-growing cities and extended metropolitan
regions of Asia?
Early- and mid-20th century urban models and associated literature developed in
the west generalized that urban and rural spaces had largely unambiguous boundaries,
and populations changed sides from rural to urban as change to local and regional
economic activities and economic growth steadily transformed from agriculture to
manufacturing (Xie et al., 2006). In other words, economic development was a zerosum game in which green spaces were consumed and rebuilt into developed space.
This process, although intentionally generalized, came to be viewed as a part of the
urbanization process and result of urban growth, with boundaries between urban and
6

rural being quantifiable and largely clear-cut (Chen et al., 2016). Early models of cities,
such as the Burgess concentric-zone model (1925), Hoyt’s sector model (1939), or
Harris & Ullman’s multiple-nuclei model (1945), were all based on these assumptions
(Wu and Sui, 2015). By the 1990s, critical re-evaluations of previous urbanization
theories sought to include the known complexity of urban-rural boundaries and
activities, especially as continuing patterns could be easily observed in Asian cities that
were often experiencing rapid growth (Xie et al., 2006).
In the 1980s and 1990s, East, South, and Southeast Asian cities were expanding
rapidly, but often displayed urban morphologies than Gottmann and other western
geographers had not yet modeled in their full complexity (Sui & Zeng, 2001; Wu & Sui,
2015). Instead of steadily converting green space or agricultural land to developed
space as demand for land grew, rapid urban growth in many Asian cities somehow coexisted with rural land use both between and within cities, thus avoiding the
homogeneity of large conurbations in the West such as that predicted by Gottmann’s
Megalopolis. Ginsburg and McGee coined these urban-rural mixed spaces as desakota
regions and created what came to be known as the McGee-Ginsburg model, or
alternatively the desakota model (McGee, 1991; Ginsburg, 1991) (Figure 2.1).
Ginsburg, McGee and others went further and compiled a list of cities with potential
desakota regions throughout Asia depicted as Figure 2.2. Again, the word desakota was
derived from the Indonesian words for village, desa, and town, kota, reflecting their
tight-knit mixture of rural and urban settlement (McGee, 1989)
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Figure 2.1: McGee-Ginsburg Model of desakotas (1991).

Figure 2.2: Desakotas in Asia (McGee, 1991).
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A significant volume of literature has since been dedicated to desakota regions
and the nature of growth of large Asian metropolitan areas based on case studies.
McGee continued his research to further refine his thoughts on the characteristics of
desakota regions (2002). Gulin (1996) recognized that urbanization in desakota regions
takes several forms, including what he termed townization and citization, depending on
how developed a place is when incorporated into an urban area.
Sui & Zeng (2001) were some of the first scholars to use geographic information
systems (GIS) to model desakota regions to great effectiveness. Wu & Sui (2015) used
similar methods to assess the relationship between desakota regions and globalization
as assessed by variable levels of foreign direct investment. Xie et al. (2006) explored
desakota regions’ impacts on ecological landscape health. Yokohari (2000) confirmed
differences between the growth rate of European and Asian cities – slow, steady growth
in Europe versus meteoric increases in recent history for many cities in fast growing
portions of Asia (Figure 2.3). Recently, there has been an influx of studies utilizing
various remote sensing techniques to analyze urban expansion within desakota regions
(Chen, Gao, & Yuan, 2016; Chen at al., 2016; Zhou et al., 2016).

Figure 2.3: Population growth rates of London and Asian cities (Yokohari, 2000).
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Of special importance to studying desakotas in China is Chen’s conceptual
framework of urban land expansion, which identifies three major factors in urban
economic development: Marketization, decentralization, and globalization (2016)
(Figure 2.4). Marketization, the liberalization of a state’s market system,
decentralization, relief of central control of forces of production, and globalization,
increases in international trade and investment, all lead to fast urban economic growth
and development. In turn, urban economic development creates demand for developed
land, such as larger urban commercial or manufacturing districts as well as increased
housing with access to appropriate transportation systems. More housing and jobs lead
to an influx of population from the periphery which also feeds demand for more
developed residential and public space and builds upon previous economic growth.
Thus, economic development in China is directly related to land cover change (Chen et
al., 2016). To this extent, then, green spaces and arable land must be productive and
profitable, in a very real if relative sense, for their continued presence over the long term
(Chen et al., 2016).

Figure 2.4: Conceptual framework for urban development in China (Chen et al., 2016).
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2.2

Comparative Desakota Region Studies
Zhu et al. (2016) used remote sensing to quantify land cover changes in

Guangzhou, another Chinese city that closely resembles the historical growth patterns
of Nanjing, for the years from 2000 to 2014. Like Nanjing, Guangzhou is one of China’s
oldest and largest cities, and was included in Ginsburg and McGee’s original list of
desakotas (McGee, 1991). Located within the mouth of the Pearl River Delta in
Guangdong Province, the region has experienced growth in urban areas of over 300%
since 1988 (Zhu et al., 2016). From 1978 to 2013, Guangzhou converted 40% of its
farmland to urban space, and forested areas have fluctuated by 30-40% as officials
wrestle with decisions related to the protection or removal of greenspace (Zhu et al.,
2016). Over the time of the study, 34% of Guangzhou’s land cover had changed in only
14-years’ time. Significant differences exist between the cities of Guangzhou and
Nanjing – Guangzhou is a delta city, is adjacent to Hong Kong, and has a much larger
population – but in many other ways it can stand as an example of urban LC/LU change
in China since the year 2000.
Li et al. (2010) studies spatiotemporal dynamics of urban expansion in Shanghai
and compares it to several other Chinese cities. From Beijing to Lhasa, every large city
in China has experienced dramatic increases in urbanization and growth since the
1990s. Shanghai, as China’s largest and wealthiest city, increased its urbanized area
from approximately 150 square kilometers in 1982 to 378 square kilometers in 2000, or
over 14% per year for the entire period (Li et al., 2010). From 1990 to 2000, Shanghai’s
population also increased by 25.5%. Compared to other cities, Shanghai showed clear
desakota patterns of interlocking urban and rural land uses, most significantly after
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2000. High population densities and rapid industrial growth, key components in the
creation of desakota patterns, are major agents in Shanghai’s development.
Wu and Sui (2015) looked across the Taiwan Strait for desakota regions in
Taipei, Taiwan. Like many other Asian cities, Taipei’s economic activities before the last
quarter of the 20th century still relied partly on agriculture. After the 1960s, Taiwan
transitioned to a manufacturing economy with the help of significant foreign investment.
The economic importance of the farm sector began to wane. Manufacturing and service
industries enjoyed the vast majority of foreign investments past 1990, with primary
sector funding peaking in 1989. Wu and Sui found that desakota regions in Taipei are
minimal when FDI is directed to the tertiary sector rather than manufacturing. Desakota
regions in Taipei have been shrinking since the 1990s, by which time the tertiary sector
share of FDI reached over 37%. Agriculture, light manufacturing, and residential areas
constitute the typical mixture of interlocking land uses in a desakota region. In order for
agriculture to compete with residential and light manufacturing land demand, it must
maximize production of high-value goods like fruits and vegetables. Plastic-covered
greenhouses allow just that.
2.3

Plastic-Covered Greenhouses, Polyethylene, and Plasticulture
In order for agriculture to economically compete with alternate urban land uses,

farmers must utilize new technologies in many ways. Plastic-covered greenhouses
(PCGs) are an effective means of maximizing product mix, quality and yields, especially
for farmers with small plots (Markarian, 2005). Growers who construct PCGs with the
proper technique and maintenance can contain and control the immediate environment
around their crops and significantly extend fall and spring growing seasons. Within a
12

contained environment, crops can enjoy extended periods of cultivation and protection
from inclement weather and pests (Blanco et al., 2018). Further, farmers can optimize
land, water, and input use. Plastics, unlike glass, are light-weight, low-cost, have high
mechanical resistance, and are relatively easy to install and manage (Blanco et al.,
2018).
Still, a shift to plasticulture requires significant new capital and labor inputs.
Regardless of the benefits PCGs can bring, they do not render crops immune to poor
upkeep, nor are they a panacea for all of the woes of farmers in this global era. Farmers
must purchase significant volumes of plastic, metal or bamboo piping and fittings for
scaffolding. After initial investment, PCGs require near-constant maintenance and repair
depending on the type and quality of plastics used. Every 4,000 square feet of
greenhouse space require an estimated 25-30 hours of upkeep per season (Boyhan,
Granberry, & Kelley, 2009). The lowest-cost plastic greenhouse cover can only last up
to one year under sunlight, without any other damage, before requiring full replacement
(Boyhan, Granberry, & Kelley, 2009). Thicker, more expensive, plastics can last for up
to three years.
Plastics for greenhouses are typically composed of synthetic petrochemical
polymers, with the most common being low-cost ultraviolet light resistant polyethylene
(Boyhan, Granberry, & Kelley, 2009). Polyethylene is sold in a variety of gauges and
with a wide range of chemical additive options. Typical gauge thickness ranges from 110 millimeters, and chemical additives begin with ultraviolet light stabilizers, which allow
sheets to last up to four years under sunlight (Markarian, 2005; Boyhan, Granberry, &
Kelley, 2009). Infrared radiation can be reflected or absorbed by polyethylene
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depending on its chemical additives, which respectively reduce or increase the
temperature within greenhouses (Markarian, 2005). Lastly, polyethylene can be treated
with photo selective additives or paints to alter the albedo, reflectance, and/or color of
greenhouses.
Plasticulture, or the use of plastics in agriculture, has become increasingly
ubiquitous throughout the world, but especially in Asia, as growers turn to technology to
maximize cropping seasons and profits. The first appearances of large-scale plasticcovered greenhouses occurred in the 1950s, coinciding with the Green Revolution
(Aguilar et al. 2014). The International Committee for Plastics in Agriculture reported in
2005 that 500,000 hectares of land were under PCGs, and 2-3 million tons of plastic is
used in agriculture per year (Markarian, 2005). Today, agricultural plastics account for
approximately 2% of the world’s >265 million tons of plastics used, with greenhouse
covers representing the highest volume of that percentage (Blanco et al., 2018). Many
environmentalists have been quick to censure plasticulture for its negative effects on
rural landscapes and local ecologies visually and biologically (Picuno et al., 2011; Levin
et al., 2012).
Despite the ecological or cultural costs, PCGs remain one of the most effective
means for farmers around the globe to improve their livelihoods as their practices must
become more intensive and competitive. Plasticulture use in the Middle-east, Africa,
and China has grown 15-30% since the mid-20th century (Aguilar et al., 2014). Although
PCG products cannot compete with field grown crops based on the cost of inputs, PCG
farmers can sell to markets based on super quality, off-season availability, and lower
transport costs a the greenhouses are often located in urban or peri-urban (desakota)
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districts (Boyhan et al., 2009). Improvement of yields, year-round production, and lower
costs due to reduced use of pesticides are qualities that make PCGs especially
attractive to farmers in regions that are competing with alternate urban land uses, like
those living and working in Nanjing and other desakotas.
2.4

Remote Sensing of Agriculture and Plastic-Covered Greenhouses
Remote sensing is the science of collecting data about the Earth without touching

it. Specifically, remote sensing as a field uses Earth-orbiting satellites to record reflected
and emitted electromagnetic radiation, such as visible light, from the Earth’s surface to
analyze its forms and functions. Since the first satellite launches of the 1960s, remote
sensing has grown enormously as a science, and can now be used to exactly quantify
the areas of specific land covers based on analyses of the wavelengths of the reflected
electromagnetic radiation estimated for different land covers and land uses. Freely
available satellite imagery takes the form of multi-spectral data. Images with pixel
brightness values represent the radiance of specific wavelengths, or “bands,” in the
electromagnetic spectrum, and in some important instances, there are significant gaps
between them. Hyperspectral imagery is also commercially available. In these images,
hundreds of bands cover a larger portion of the electromagnetic spectrum without gaps
between them (Figure 2.5). Through multi- or hyperspectral remote sensing,
researchers can record changes in land cover over time by comparing satellite images
of a single geo-referenced location through many points in time. Each type of surface,
like grass, water or concrete, reflects standard ranges of electromagnetism.
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Figure 2.5: Multi- and hyperspectral remote sensing bands (Elowitz, 2018).
When attempting to classify land use within the desakota of Jiangning District,
Nanjing, PCGs present a unique problem with respect to agricultural production and
land use. Although their land use is agricultural, PCGs’ spectral reflectance more
closely represents urban land covers due to the reflectance values typically represented
by white plastic, although mushrooms and fungi are grown under black plastics and
present similar problems. Typical land cover/land use classifications employ reflectance
values of electromagnetic radiation to determine what type of land a specific pixel
should be assigned. Plastics reflect a high amount of light in many wavelengths, similar
to inorganic impervious surfaces such as concrete, cement, metal or glass (Behling et
al., 2015). Picuno et al. (2011) published spectral signatures of several land covers for
comparison (Figure 2.6). In this example, PCGs with vegetation within them are found
to occupy a range of values similar in some wavelengths to developed land, and other
wavelengths to vegetated land.
16

Figure 2.6: Reflectance values in conventional RGB values of (a) wasteland; (b) built
environment; (c) greenhouse; (d) arable land; (e) vegetation; and (f)
Plasticulture (Picuno, 2011).

Generally, healthy vegetation reflects a significantly higher portion of nearinfrared light (850-880 nanometers) than other wavelengths due to the presence of
chlorophyll in plant chloroplasts. Tucker (1979) first devised a calculation to measure
relative health and abundance of vegetation in a via remote sensing by taking
advantage of the characteristics of near-infrared reflectance. He called that calculation
the Normalized Difference Vegetation Index, or NDVI. NDVI, a simple ratio using near
infrared and red reflectance values, as follows in equation 2.1:

NDVI = (NIR – Red) / (NIR + Red)
Equation 2.1
The resulting values are fractions between -1.0 and +1.0, with high numbers
symbolizing a greater degree of healthy vegetation and low numbers representing little
17

or dead vegetation. Impervious surfaces, especially man-made, will have low NDVI
values due to low NIR reflectance. Plastics, such as polyethylene greenhouses, will
record low NDVI values, while any healthy vegetation including field crops grown
around them will typically record high values. Numerous vegetation indices have been
developed since Tucker’s NDVI, including the Enhanced Vegetation Index (EVI), the
Sum Green (SG) index, or the Atmospherically Resistant Vegetation Index (ARVI). This
study will utilize NDVI although any of these later measures could also be used as well.
NDVI was selected due to the availability of a precalculated NDVI value in the Landsat 5
and Landsat 8 dataset.
2.5

Greenhouse Agriculture Land Cover Studies
PCGs have been examined in several recent agriculturally-focused LC/LU

studies, yet it remains a topic still lacking exhaustive detection or highly accurate
quantification methods. European researchers have been able to detect, classify, and
quantify PCGs with the use of extensive hyperspectral and collected data, object-based
high-resolution classifications, and advanced mathematical predictions and modelling
(Aguilar, 2014). However, their methods are tailored to unique subject areas, are very
expensive, and utilize data gathered in situ. Few, if any, of these studies have been able
to scale their methods to medium-resolution satellite imagery covering larger areas on
the ground.
Levin et al. (2012) have been most successful at determining polythylene
plastics’ unique spectral identity. Their work identifies three major absorption bands in
polyethylene energy reflectance values using hand-held spectrometers at 1218, 1732,
and 2313 nanometers. Only one of these, 1732 nanometers, has proven to be
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consistently unique to PCGs in both Levin’s and subsequent studies (Levin et al., 2012;
Aguilar et al., 2014; Behling et al., 2015; Novelli et al., 2016). This wavelength does not
appear as a similar absorption band in other minerals, soils, or vegetation, and is not
known to be heavily affected by atmospheric conditions. Yet, greenhouses are often
obscured from their original reflectance situation by surface dust, dirt, grime and
ultraviolet damage. Depending on the plastic’s gauge (1-10 millimeters), the underlying
surface vegetation or bare soil within the greenhouse may further alter PCG reflectance
values. Lastly, due to polyethylene’s high overall albedo, sun azimuth can drastically
alter the appearance of PCGs similar to the case when assessing water surfaces using
remote sensing techniques.
Although researchers were able to identify a unique spectral characteristic of
polyethylene plastic greenhouses in small samples, they were unable to accurately
classify them throughout their study area using traditional image assessment
techniques. Using various satellite images of 8-16-meter pixel resolution and
hyperspectral data, the overall classification accuracy ranged from 25 to 86 percent
(Levin et al., 2012). At the high end of that range, accuracy was credited in large part to
extensive manual editing of samples and the collection of extensive training point data
on the ground. Medium-resolution imagery, at 30-meter pixels, has proven to be
inadequate for greenhouses detection using traditional per-pixel methods due to the fact
that most PCGs are too small to cover entire pixels. Further, PCGs and urban pixels
were often confused for each other due to low separation of the radiance values
reaching the satellites’ sensors, as well as plastic and vegetation mixing together at
sub-pixel scales to form new unique pixel values. Depending on the gauge of plastic
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used in PCGs, NDVI values for vegetated greenhouses were 25-50% lower than what
they would have been in an open field – significant enough of a reduction to appear as
mixed pixel urban spaces in subsequent classifications. Only by using both
hyperspectral and high spatial resolution imagery were the researchers able to provide
adequate detection capabilities.
2.6

Object-Based Remote Sensing Studies
Per-pixel analysis is efficient for classifications of land covers at low- and medium

resolutions, but this requires objects to be large enough on the ground to cover the
majority of single pixels. Many large-scale LC/LU analyses, for example, use 1-km2sized pixels at nation-wide scales. However, when attempting to classify objects that
appear very small from satellite distance, such as PCGs, per-pixel methods become
less efficient and more resource- and labor-intensive. Most high-resolution satellites,
those whose pixels cover a smaller portion of surface area, are commercially owned,
and their images are expensive. Further, individual pixels become less important in
classification as one object in reality, such as a rooftop, can have large fluctuations in
pixel values regardless of actually being only one object. As a consequence, objectbased classification methods are used to more accurately classify small-scale objects at
high-pixel resolution (Aguilar, 2016).
Object-based classification methods cluster similar pixels together into polygons,
then uses spectral, textural, and geometric attributes to classify those polygons into land
covers that most closely match those attributes. Polygon shape and size is set manually
by users and can only be perfected by trial and error. Unlike per-pixel classification,
object-based classification can intelligently aggregate objects so as to ignore small
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pixel-based fluctuations in reflectance values, such as those found in different types of
PCGs located in close proximity. Thus, object-based image analysis holds greater
potential for PCG detection and classification than per-pixel methods. Several
agriculture-related studies provide examples of object-oriented success (Tarantino &
Figorito, 2012; Aguilar, 2014; Aguilar, 2016; Levin, 2016).
The first research published that used object-based remote sensing to detect and
classify PCGs was presented by Tarantino and Figorito (2012), using simple true color
aerial photos of high spatial resolution in the Apulia Region of Italy. In their study,
greenhouses were quantified in order to determine their role in ecological health, but
their methods are transferrable to any study. They utilized four RGB color values and
ratios derived from these values, plus one textural measure and two geometric
attributes. Unlike many other studies, Tarantino and Figorito use high spatial resolution
without hyperspectral resolutions, although they did stress the importance of Levin’s
(2016) discovery of polyethylene’s absorption bands, as well as the difficulty of
polyethylene’s inconsistent spectral properties thanks to differences in plastic types and
conditions. With the help of measures of texture and geometry (rectangular shapes),
Tarantino and Figorito were able to classify PCGs in Northern Italy with a total accuracy
of 90.25%.
Aguilar et al. (2016) used both high-spatial and hyperspectral satellite imagery to
conduct classification of PCGs in Almeria, Spain in 2014 and 2015. This study utilized
ten spectral and three textural attributes derived from high spatial resolution imagery,
and ten spectral attributes for medium-resolution imagery (Table 1). Overall accuracies
of 93% with Kappa coefficients of 0.856 and 0.861 were achieved using unique
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classification processes and minimal manual editing. Kappa coefficients are statistical
measures that indicate how accurate a classification but is weighted by how likely it
would be correctly assigned to a given LU/LC category based on pure chance. High
accuracy was made possible by object-based texture values extracted from highresolution imagery rather than unique pixel reflectance values typically used in
hyperspectral per-pixel classifications where land covers have consistent spectral
signatures.
In an earlier study, Aguilar et al. (2014) used four- and eight-band satellite
imagery at high-resolution to classify greenhouses in stereo imagery. Pairs of images
with convergence angles of 31.35 degrees were used to calculate height values of
manually digitized objects. In this study, Aguilar manually selected 10% of the total
objects in the image as training objects to create a library of values that greenhouses
populate using a series of 11 spectral band combinations, 12 band indices, 10 texture
attributes, and 7 geometric attributes (Table 2.2). Overall accuracy of a classification
process using training data from the variables ranged from 84 to 89%, but once again
these results ultimately were achieved only after intensive manual editing.
2.7

Sub-Pixel Linear Spectral Unmixing
Per-pixel and object-based classification techniques both fundamentally operate

on mixed items. That is, users must assume that not all pixels are pure, and each pixel
or object will be a composite of the reflectance or attribute values of every object within
that pixel or object (Verhoeye, 2002). Sub-pixel classification uses algorithms to
calculate the share of pure land covers that each pixel contains. Mixed pixels occur
when the area covered by single pixels contain more than one land cover, resulting in
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Table 2.1
Aguilar’s Object-Based Image Analysis Parameters (2016)
WorldView-2 Multispectral Image
Spectral Features
Feature
Mean and Standard Deviation/16

Description
Mean and SD of each WV2 MS band

Moment Distance Index/1

Shape of reﬂectance spectrum, all 8 bands

NDVI1 (Normalized Difference VI1)/1

(NIR1 - R)/(NIR1 + R)

NDVI2 (Normalized Difference VI2)/1

(NIR2 - R)/(NIR2 + R)

GNDVI1 (Green NDVI1)/1

(NIR1 - G)/(NIR1 + G)

GNDVI2 (Green NDVI2)/1

(NIR2 - G)/(NIR2 + G)

NDWI_G (Normalized Dif. Water G.)/1

(G - NIR2)/(G + NIR2)

NDWI_C (Normalized Dif. Water C.)/1

(C - NIR2)/(C + NIR2)

EVI (Enhanced vegetation index)/1

((2.5 * (NIR2-R))/(NIR2 + (6 * R) - (7.5 * B) + 1))

GLCMh/8
GLCMd/8
GLCMe/8

Textural Features
GLCM homogeneity sum of all directions from 8
bands
GLCM dissimilarity sum of all directions from 8
bands
GLCM entropy sum of all directions from 8
bands
Landsat 8 Image
Spectral Features

Feature
Mean and Standard Deviation (SD)/16

Description
Mean and SD of each pan-sharpened Landsat 8
band
Shape of reﬂectance spectrum, all 8 bands

Moment Distance Index (MDI)/1
NDVI (Normalized Difference
Vegetation Index)/1
GNDVI (Green NDVI)/1

(NIR - R)/(NIR + R)

PMLI (Plastic-mulched landcover index)/1

(SWIR1 - R)/(SWIR1 + R)

SWIR1_NIR/1

(SWIR1 - NIR)/(SWIR1 + NIR)

SWIR2_NIR/1

(SWIR2 - NIR)/(SWIR2 + NIR)

CIRRUS_NIR/1

(CIRRUS - NIR)/(CIRRUS + NIR)

SW1_SW2_NIR/1

(((SWIR1 + SWIR2)/2) - NIR)/ (((SWIR1 +
SWIR2)/2) + NIR)

(NIR - G)/(NIR + G)
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Table 2.2
Aguilar’s Object-Based Image Analysis Parameters (2014)
Band Combinations
Brightness_4

Description
Overall intensity for classical bands (R, G, B, NIR1)

Brightness_8

Overall intensity for 8-band of WV2

Coastal

Mean, standard deviation, and ratio to scene of coastal band

Blue

Mean, standard deviation, and ratio to scene of blue band

Green

Mean, standard deviation, and ratio to scene of green band

Yellow

Mean, standard deviation, and ratio to scene of yellow band
Aguilar’s object-based image analysis parameters (2014)

Red

Mean, standard deviation, and ratio to scene of red band

Red Edge

Mean, standard deviation, and ratio to scene of red edge band

NIR1

Mean, standard deviation, and ratio to scene of NIR1 band

NIR2

Mean, standard deviation, and ratio to scene of NIR2 band

nDSM

Mean, standard deviation, and ratio to scene of nDSM band

NDBI

Normalized difference of blue band index

NDGI

Normalized difference of green band index

NDVI

Normalized Difference Vegetation Index

Band Indices
NDBI_NIR2

Description
Normalized difference of blue band index using NIR2

NDGI_NIR2

Normalized difference of green band index using NIR2

NDVI_NIR2

Normalized Difference Vegetation Index using NIR2

NDVI_NIR2

Normalized difference of yellow band index using NIR2

NDREI_NIR2

Normalized difference of red edge band index using NIR2

NDCI_NIR2

Normalized difference of coastal band index using NIR2

CRI

Carotenoid reflectance

EVI

Enhanced vegetation index

VOGRE

Vogelmann red edge 1, mean red edge/mean red

Texture Features
GCLMcon

Description
GLCM contrast sum of all directions from PAN

GCLMcon

GLCM contrast sum of all directions from NIR1 and NIR2

GCLMent

GLCM entropy sum of all directions from PAN

GCLMent

GLCM entropy sum of all directions from NIR1 and NIR2

GCLMmean

GLCM mean sum of all directions from PAN
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Table 2.2 (Continued)
Aguilar’s Object-Based Image Analysis Parameters (2014)
GCLMmean

GLCM mean sum of all directions from NIR1 and NIR2

GCLMsdv

GLCM standard deviation sum of all directions from PAN

GCLMstdv

GLCM std. dev. sum of all directions from NIR1 and NIR2

GCLMcor

GLCM correlation sum of all directions from PAN

GCLMcor

GLCM correl. sum of all directions from NIR1 and NIR2

Geometric Features
Area

Description
The number of pixels within an image object

Roundness

How similar an image object is to an ellipse

Rectangular fit

How well an image object fits into a rectangle

Shape index

The border length of the objects divided by four times the square root of
its area
The ratio of the area of a polygon to the area of a circle with the same
perimeter
The number of edges that form the polygon

Compactness
Border index
Density

The density is calculated by the number of pixels forming the image
object divided by its approximated radius

an aggregate spectral reflectance that does not perfectly belong to any single land
cover’s spectral signature. Each land cover that constitutes a portion of a mixed pixel is
called an endmember. One pixel that contains only one endmember is considered a
pure pixel. The process of determining how pure or mixed a pixel is, and of what
members are contained in a pixel, is called linear spectral unmixing. The value of a pixel
for one band equals the weighted sum of the radiance values for that band from all
landcovers within the pixel. The formula is presented in equation 2.2 (Kardi, 2006).

Equation 2.2
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Where i=1,…,m amount of bands, k=1,…,n amount of endmembers, Ri = pixel value of
band i, fk= fraction of endmember k in the same pixel, Rik = radiance of endmember k in
band i, and ERi is the unmodelled residual in band i (Kardi, 2006). In order for linear
spectral unmixing to be effective, libraries (or databases) must be constructed that link
specific reflectance values at all wavelengths with unique endmembers. Each pixel in an
image is given a fractional value of how much endmember is contained in that pixel
based on how nearly it matches each endmember’s pure reflectance values.
Linear spectral unmixing has been used extensively to classify urban areas
(Ridd, 1995; Small, 2001; Verhoeye and Wulf, 2002; Kardi, 2006; Deng et al., 2016).
Urban spaces are characterized by heterogenous land cover mixtures in relatively small
spaces, so linear spectral unmixing is appropriate for use with medium-resolution
imagery. In agricultural settings, spectral unmixing has been utilized to monitor
individual plant stress and growth in large plots (Somers et al., 2009). Particularly for
this research, spectral unmixing could be utilized to detect PCGs in mixed pixels if their
spectral signatures, or endmembers, could be accurately identified. As the literature
stands, Levin’s (2012) 1713 nanometer wavelength represents the best option for this
classification. However, that wavelength is outside the parameters of most freely
available multi-spectral medium-resolution satellite imagery. Landsat 8’s Operational
Land Imager (OLI) and Thermal Infrared Sensor (TIRS) contains 11 total bands. Of
those bands, there is a gap between the wavelengths of 1651 nanometers and 2107
nanometers, unfortunately skipping polyethylene’s unique absorption band of 1732
nanometers. This imagery, however, does contain two other wavelengths through which
PCGs’ absorption bands might be detected: 1218 nanometers and 2313 nanometers.
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However, those wavelengths share absorption bands with other land cover types,
admittedly making them non-unique to polyethylene.
Without hyperspectral imagery, it is highly unlikely that linear spectral unmixing
can be successfully conducted. Detailed spectral signatures throughout the
electromagnetic spectrum are mandatory inputs so as to delineate similar land cover
types from each other, such as polyethylene plastic and other white-colored impervious
surfaces like concrete or some metals. Multi-resolution imagery will be able to unmix
pixels only to the extent of determining what portions of pixels are made up of broadscale classes. For example, one may be able to determine that a pixel is approximately
half grass and half tree canopy, or that a pixel within an urban area contains a small
body of water. However, it would not be able to differentiate between types of water,
trees, or impervious surfaces.
Addressing a very lightly researched topic, this current research will attempt to
assimilate many of these researcher’s methods into a more effective and affordable
process for converting high spatial resolution object-orientated PCG detection into
medium spatial resolution LC/LU change analysis within the district of Jiangning of the
city of Nanjing for multiple years from 2000 to 2015. Prior to a discussion of the hybrid
research methods adopted in this study (Chapter IV), the next chapter will provide
background information about Nanjing, and specifically, Jiangning District of Nanjing to
place the current study in appropriate historical and geographic contexts.

27

CHAPTER III
AGRICULTURAL AND ECONOMIC CHANGES IN NANJING, CHINA
3.1

Nanjing
Nanjing is an ancient city, with approximately two-thousand years of history (Jim,

2003). In English, “Nanjing” translates as “southern capital,” as it served as the capital
of China for six dynasties, more dynasties than any other city of China, including
Beijing. Nanjing was also the capital of the Republic of China before the creation of the
People’s Republic of China in 1949 (Zhang et al., 2005). Today, it is the capital city of
Jiangsu Province, one of China’s wealthiest provinces. Since the beginning of the
national economic reforms promulgated in December 1978, Nanjing has undergone
rapid growth and economic development (Luo and Wei, 2013).
Nanjing is located approximately two-hundred miles (320 km) west of Shanghai
representing the western edge of the the Yangtze River Delta (YRD) economic zone,
with the Yangtze river bisecting the city itself. The city is within China’s north-subtropical
climatic zone and experiences well-defined seasonality (Jim, 2003). As of 2018,
Nanjing’s city boundaries, including five suburban districts, comprise an area of 4,723
km2 (Chen et al., 2016). From 1985 to 2013, Nanjing’s urban area grew 3.85% annually,
or just over 43 km2 per year. With over eight million permanent residents and on-going
commensurate growth, Nanjing’s size is second only to Shanghai within the cities of the
Yangtze River Delta (Chen et al., 2016).
Nanjing has undergone significant change in the last several decades. Thanks to
economic reforms, globalization, and foreign direct investment (FDI), Nanjing’s GDP
has grown from 3.4 billion yuan in 1978 to 801 billion yuan in 2013 (Chen et al., 2016).
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Similarly, the city’s population from 1978 to 2013 increased from 4.12 million to 8.18
million (Chen et al., 2016). After 1949, the economy steadily shifted from agriculture to
manufacturing, and more recently from manufacturing to services. In 1978, retail sales
of consumer goods totaled only 1.09 million yuan. That value reached 24 billion in 1995,
and 229 billion in 2010 (Chen et al., 2016). In 2018, according to official statistics,
Nanjing’s total retail sales of consumer goods were 509 billion yuan ($75.5 billion)
(China Statistics Press, 2017).
Shifts in industry and resulting economic growth occurred in tandem with the
growth of urban incorporated areas. Before the 1950s, Nanjing’s growth was restrained
to its Ming Dynasty city walls (Jim, 2003). Then, manufacturing facilities and industrial
zones were built along the Yangtze River beyond Nanjing’s classic wall, bringing with
them previously-rural populations and land cover. Nanjing’s peripheral old-growth
forests were soon converted into developed land, with built-up areas increasing 60%
between 1986 and 2000 alone (Jim, 2003). Nanjing’s 2016 urban population accounts
for 82% of its total population, compared to 77% for Jiangsu Province as a whole (vis-àvis “rural” population still classified to due agricultural land use) (China Statistics Press,
2017). Commerce is now as important as industry, and since 1990, Jiangsu Province’s
highways have increased from 24,772 kilometers to 157,304 in 2016 with the modern
interprovincial highway network centered on Nanjing (China Statistics Press, 2017).
However, it must be recognized that agriculture remains a prominent land use in
Nanjing despite this rapid urbanization and urban growth. Nanjing’s agricultural
production has consistently risen, reaching 41.5 billion yuan ($6.17 billion) in 2016 (3.1)
(Nanjing Tongji Nianjian, 2017). On the other hand, production in tons of various field
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crops, such as grains (Figure 3.2) and oil crops (Figure 3.3), have been decreasing
since the 1990s and 2000s, while other crops, such as fruits, have risen dramatically
(Figure 3.4) (Nanjing Tongji Nianjian, 2017). Some fruit can be grown intensively inside
PCGs (strawberries, grapes) and sold at high value outside of their regular growing
seasons, but deciduous tree fruits such as the city’s famous peaches or Asian pears
mostly remain cultivated in traditional orchards. Thus, if arable land is decreasing within
Nanjing, vegetable and fruit production under PCGs may be the most likely crop options
to survive against growing LC/LU competition, consuming much less agricultural land
than field crops or orchards, but still generating acceptable net returns. It is important to
recognize that a greenhouse in Nanjing will be used to grow 2-3-4 different sequential
crops from September to May and left fallow during the summer due to the increased
heat.

Figure 3.1: Value of all agricultural products in Nanjing by 10,000 yuan ($1,500)
(Nanjing Tongji Nianjian, 2017).
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Figure 3.2: Grain production by 10,000 tons in Nanjing (Nanjing Tongji Nianjian, 2017).

Figure 3.3: Oil crop production by 10,000 tons in Nanjing (Nanjing Tongji Nianjian,
2017).
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Figure 3.4: Fruit production by 1,000 tons in Nanjing (Nanjing Tongji Nianjian, 2017).

3.2

Jiangning District
Jiangning is a semi-autonomous urban district located along the southern

periphery of Nanjing’s city boundaries. In its northern half, Jiangning more closely
resembles the urban core of Nanjing, while its southern half is largely agricultural in
activity and land use. This dichotomy can be visualized by differences in primary and
secondary sector GDP presented as Figures 3.5 and 3.6. Jiangning’s southern Jiedao
(sub-district political units) are located at the edge of further expansive forests,
mountains, and undeveloped land, allowing for continued activity in the primary and
agricultural sectors. However, a significant portion of the population has relocated into
Moling town (zhen), the Jiedao closest to central Nanjing since 2000 (Figure 3.7).
Jiangning District’s wide variety of economic activity can be seen in its vast economic
growth by sector, but particularly note the rapid expansion in the service sector (Figure
3.8).
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Figure 3.5: Jiangning District primary sector GDP by 10,000 yuan ($1,500) (Source:
Created by author).

Figure 3.6: Jiangning District secondary GDP by 10,000 yuan ($1,500) (Source:
Created by author).
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x 10,000 Yuan

Figure 3.7: Jiangning District percentage change in population, 2000-2015 (Source:
Created by author).
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Figure 3.8: Jiangning District economic growth by sector in 10,000 yuan ($1,500)
(Statistical Office of Nanjing City, Jiangning District, 2001, 2011, and 2016)
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Following greater Nanjing, Jiangning District’s agricultural output has maintained
its level of production while steadily losing arable land on which to produce (Figure 3.8
and Figure 3.9). In all likelihood, this is due increased productivity of high value fruits
and vegetables made possible by greater implementation of PCGs. Field research trips
to Jiangning District during May of 2018 revealed extensive uses of PCGs (Figure 3.10).
Within PCGs, production of a wide range of fruits and vegetables are maximized (Figure
3.11). Outside of PCGs, winter field crops such as rape (Brassica hapus – sometimes
called canola) and winter wheat share land in both close proximity to the greenhouses

x 10,000 Hectares

(Figure 3.12) but also in larger adjacent fields (Figure 3.13).
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Figure 3.9: Jiangning’s vegetable production area in ten thousands of hectares
(Statistical Office of Nanjing City, Jiangning District, 2001, 2011, and 2016).
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Figure 3.10: Jiangning’s vegetable production in thousands of tons (Statistical Office of
Nanjing City, Jiangning District, 2001, 2011, and 2016).

Figure 3.11: An array of PCGs in Jiangning District (Source: Taken by author).
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Figure 3.12: Interior of a PCG (Source: Taken by author).

Figure 3.13: PCGs in close proximity to rape (canola) crops (Source: Taken by author).
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Figure 3.14: Sparsely placed PCGs within agricultural fields in Jiangning District
(Source: taken by author).
Field research was undertaken during May 2018. Photographs were taken by the
author in Jiangning District over a series of surveys to agricultural sites. First-hand
experience is critical to not only putting official statistics and remotely sensed data into
perspective, but also to understanding the dynamic nature of desakotas. Although the
official yearbooks show drastically decreased area dedicated to agriculture, the amount
of fruits and vegetables densely cultivated within PCGs is staggering. On the same
token, Nanjing’s bustling secondary and tertiary sectors show no sign of slowing nearer
to the city proper. The streets are never empty. Shops, restaurants, and businesses line
each square foot of the city available to them. Jiangning District transitions smoothly
from the hectic city in the north to rolling hills, mountain forests and open field expanses
in the south. But questions remain on how this transitory zone may change in the future.
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The need to assess agricultural LC/LU within Jiangning District is evident. While
Jiangning District’s land extensive field crops record reductions in volume, the total
value of agricultural production grows consistently. Fruit and vegetable production, the
beneficiaries of expansions in PCGs, has grown rapidly since the 1990s when Ginsburg
and McGee first posited the Desakota Hypothesis. The purpose of this study, then,
seeks answers to not only whether or not arable land remains a prominent land cover
within Nanjing over time, but if PCGs may represent the strategy for agriculture to
remain competitive against urban land demands such as housing, retail, and transport,
and if so, can it be measured using remotely sensed imagery. New methods for more
accurately detecting agricultural land use and finding the permanence of the desakota
hypothesis vis-à-vis agricultural production must be developed. Chapter four will
introduce the methods used in this study to answer these questions for Nanjing’s largest
district, Jiangning District, for the period from 2000 to 2015.
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CHAPTER IV
METHODS AND DATA
4.1

Study Area and Satellite Imagery
Again, the study area for this research will be the ten Jiedao (sub-district political

units) within Jiangning District of Nanjing for the years 2000, 2010, and 2015. Analyses
use publicly available 30-meter spatial resolution Landsat-5 and -8 satellite images as
well as one 2-meter spatial resolution WorldView-2 satellite image of the Jiedao of
Lukou, one of the ten Jiedao for 2014. This year was selected for image quality and
accessibility issues. The use of the WorldView-2 image will be discussed later in the
chapter. A summary of each image’s salient information can be found in Table 4.1, and
the study area is represented again in Figure 4.1. Each Landsat image covers the
entirety of Nanjing City. The high spatial resolution image from WorldView-2 covers the
entirety of Lukou. For the Landsat 5 and 8 images, a mask is applied so that only the
ten Jiedao within the Jiangning District will would be analyzed. All Landsat images were
downloaded from the United States Geological Survey (USGS)
(https://earthexplorer.usgs.gov/). The WorldView-2 satellite image was purchased from
Apollo Mapping (https://apollomapping.com/) at a price of $2,192.75.
Table 4.1
Satellite Imagery Summary
Satellite

Date

Path

Row

Resolution

Coverage

Landsat 5

2000-10-10

120

38

30-meter

10 Jiedao

Landsat 5

2010-08-03

120

38

30-meter

10 Jiedao

Landsat 8

2016-05-18

120

38

30-meter

10 Jiedao

WorldView-2

2014-07-23

N/A

N/A

2-meter

1 Jiedao
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High spatial resolution imagery was chosen for this study in addition to Landsat
in order to seek object-based methods of detecting PCGs. Object-based classification
becomes less effective as satellite image spatial resolutions become coarser and
textures in small areas are lost within large pixels. Sub-pixel analysis will be utilized to
analyze the larger 30m2 pixels, although I hypothesize the likelihood of successful
classification without hyperspectral imagery is low. Regardless, a method incorporating
multiple levels of pixel resolution is proposed.

Figure 4.1: Study location of 10 Jiedao in Nanjing, China (Source: Created by
author).
4.2

Medium-Resolution Per-Pixel Satellite Image Processing and Classification
Before classification can take place, all satellite images must undergo pre-

processing. All four satellite images incorporated in this research were converted from
digital numbers to radiance values. In other words, the units of measure for each pixel
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per satellite image are converted from unit-less values to measurable units of energy.
ENVI 5.0, the satellite imagery analysis program used in this research, contains built-in
tools for converting digital numbers to spectral radiance values. The next preprocessing step is to convert spectral radiance values to reflectance values, or units that
allow the user to determine the ratio of energy being reflected from a surface vis-a-vis
the energy hitting it. Reflectance is also easily calculated using ENVI 5.0’s built-in tools.
Once reflectance values are determined, a new layer in the GIS is created in each
satellite image calculated from Tucker’s (1971) NDVI formula (See Chapter 2 Equation
2.1). NDVI values will be used later to determine changes in vegetation abundance over
time within the 10 Jiedao that comprises the territory of the Jiangning District. Lastly in
preprocessing, each image is clipped to the extent of the study area to limit the scope of
analyses.
After the images are preprocessed, unsupervised classifications are generated
for each Landsat 5 and Landsat 8 image. These unsupervised classifications are
generated automatically by ENVI 5.0 and will be used to compare the accuracy
improvement in subsequent supervised classifications later. For these classifications, 7
classes are assigned to the images using an IsoData unsupervised classification
method. This means that ENVI 5.0 independently determined there are 7 types of land
covers in each image. However, I decided to sieve, clump, and merge these 7 land
covers into only four: Agricultural land cover (including open field crops as well as
general healthy vegetation), developed land cover (impervious surfaces such as
asphalt, concrete, glass, metal, brick, or stone), forested land cover (densely canopied
vegetated areas with no significant signs of development), or water (any body of water).

42

These four broad land cover types will constitute each final classification to determine
land use changes in Jiangning from the year 2000 to 2015.
Next, supervised classifications were generated for each Landsat 5 and Landsat
8 image. Maximum likelihood classification is chosen for each image. In this method,
samples of pixels, or regions of interest (ROIs), are selected manually to best represent
the classes of land cover the user wants to assess. ENVI 5.0 uses those samples to
classify similar pixels in each land cover class. No probability threshold is selected in
this study, so that each pixel will receive a classification based on the supervised
sample that the pixel most closely resembles in the range of values, even if that
resemblance is minute. Again, each pixel will ultimately be classified as agricultural
land, developed land, forested land, or water. Training data for each image was
selected by visual interpretation and confirmed during field research visits to Jiangning
District during May of 2018. ROI separability, or the calculated difference between each
of the four classes based on the samples of pixels selected, will be tabulated for each
supervised classification.
4.3

High-Resolution Object-Based Classification of Lukou
Object-oriented classification requires several steps not required in per-pixel

classification. First, images must be segmented to create objects of user-determined
size and shape. To do this, I generate values for scale, shape, compactness, and image
layer weight parameters before the program (eCognition 9) can automatically create
objects that can be thought of as homogeneous polygons of a similar land use or land
cover. Scale determines the size of objects, while shape and compactness determine
the on-the-ground form (outline) each object should take. Users enter a fraction
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between 0 and 1 to estimate these two values. The compliment of their value
determines how much color and smoothness, respectively, determines object form.
Lastly, users can determine if each layer’s weight should be equal or not.
For this research, the high-resolution image of Lukou, the southeast Jiedao of
Jiangning District, is segmented with fairly standard values. Image layer weights are left
equal, and each object is scaled to an arbitrary number of 100. Settings for relative
weights for shape, color, compactness, and smoothness are also all kept equal at 0.5
each. Experimentation with different values in each parameter indicates no significant
differences when creating objects for PCGs, so values across the characteristics of
each pixel are held steady. It is important to note that segmentation parameters greatly
affect the attributes used to classify image objects, so they should be kept as static over
time and space as possible during analysis.
Similar to per-pixel classification, once image pre-processing is completed,
object-based classification can be performed using a supervised maximum likelihood
classification. Once objects are of an acceptable form, object samples are selected to
best represent classes using the specific feature attributes the user chooses. For this
research, the same texture and geometric attributes are chosen as those reported in
Aguilar’s 2014 and 2016 studies, as well as additional available spectral features and
band indices in the high-resolution WorldView-2 image to classify PCGs (Table 2.1,
Table 2.2). Accurately classified PCG image objects are exported as polygons which
are then used as training data for the medium-resolution per-pixel classifications,
emulating the effect of sub-pixel classification using hyperspectral imagery.
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4.4

Combined High-Resolution Data and Medium-Resolution Classification
Although no hyperspectral imagery was utilized in this research, sub-pixel

analysis was emulated. Typically, this process involves using several built-in ENVI
functions to first filter through the many hyperspectral layers of an image to find the
most unique. Then, pixels with the least mixing of surfaces, or the purest pixels, are
selected as training data for all land covers found to be present in the image. Lastly,
algorithms compare those pure pixel values to mixed pixel values to determine the
estimated percentage of any given land cover contained within those pixels.
Hyperspectral resolution is required for this process because an extreme amount of
detail is required to determine the exact reflectance values of specific land covers.
Without hundreds of spectral layers to sift through, unique values for land covers like
PCGs are unlikely to be found. However, it is possible that PCGs are separate enough
from both pure developed land pixels and pure vegetated pixels to occupy a unique
space in each image’s scatterplot. Both the high-resolution satellite image and groundtruthed data from the field are used to attempt this method.
Field research was conducted in May 2018 within Nanjing and the study area’s
10 Jiedao within Jiangning District. Ground truth data and training points were collected
using geotagged photographs of PCGs. GPS points from photographs spanning the
perimeter of PCGs were converted into polygons in ArcGIS 10.6.1 and then imported
into ENVI 5.0 as training data for per-pixel classifications. Both the field research
generated polygons and the PCG class generated polygons from the high-resolution
WorldView-2 satellite image are used to improve training data of per-pixel medium-
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resolution classifications from Landsat 5 and Landsat 8 images that offer complete
coverage of the study area.
Upon completion of the unsupervised, supervised, and object-trained supervised
classifications, accuracy assessments must be undertaken. For each classification, the
classified rasters are converted into singular polygons within ArcGIS 10.6.1. Stratified
random samples are taken from each class polygon per image in the form of 30
randomly generated points. The accuracy of each point is visually determined using
both the original satellite images and high-resolution images and photos using Google
Earth (Pro). Points from ArcGIS are converted into KML files and imported into Google
Earth (Pro). Google Earth (Pro)’s time slider function was then used to zoom to each
point (in both space and time) and visually assess its accuracy. Kappa accuracy
matrices were completed for each classification in this method. Again, Kappa
coefficients are statistical measures that determine the accuracy of a classification by
weighing each class by its likelihood to be correct by chance. These values range from
0.0 to 1.0, with 1.0 being perfectly accurate.
Finally, each classified image’s land cover area for the four classes selected for
this study is quantified and placed into data tables to determine overall land use change
in Jiangning District from the year 2000 to 2015. The high-resolution WorldView-2
image does not contain forest, so forested land cover is replaced with PCGs in its
Kappa coefficient matrix. Completion of each classification, in combination with highresolution detection of PCGs, will bring resolution to at least some of the research
questions raised in Chapter I.
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CHAPTER V
RESULTS OF ANALYSIS
5.1

Medium-Resolution Per-Pixel Classification
First, unsupervised classifications were generated with the Landsat 5 and

Landsat 8 images for the years 2000, 2010, and 2015. Figure 5.1, Figure 5.2, and
Figure 5.3 each display the classification result per year, while Table 5.1 summarizes
the land cover percentages. Table 5.2 summarizes the Kappa coefficients for each
classification and its classes. As expected, the unsupervised classifications were highly
inaccurate according to the Kappa coefficients, which ranged from .24 to .35, but the
unsupervised analyses provide a useful comparison when assessing the other methods
reported in this chapter.

Figure 5.1: Unsupervised classification for Jiangning District, 2000 (Source: Created by
author).
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Figure 5.2: Unsupervised classification for Jiangning District, 2010 (Source: Created by
author).

Figure 5.3: Unsupervised classification for Jiangning District, 2015 (Source: Created by
author).
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Table 5.1
Unsupervised Land Cover Classification Percentage
Land Cover
2000
2010
Agriculture
52%
46%
Developed
13%
24%
Forested
13%
11%
Water
22%
18%
Source: Calculated by author.

2015
31%
35%
22%
12%

Table 5.2
Unsupervised Land Cover Classification Kappa Coefficients
2000
Agriculture Developed Forested Water
Kappa
Agriculture
15
8
5
2
30
Developed
10
16
3
1
30
0.24
Forested
3
4
16
7
30
Water
7
8
3
12
30
35
36
27
22
120
2010
Agriculture Developed Forested Water
Kappa
Agriculture
15
4
9
2
30
Developed
5
22
3
0
30
0.30
Forested
4
1
17
8
30
Water
8
2
8
12
30
32
29
37
22
120
2015
Agriculture Developed Forested Water
Kappa
Agriculture
16
3
6
5
30
Developed
8
20
2
0
30
0.34
Forested
10
3
16
1
30
Water
1
1
9
19
30
35
27
33
25
120
Source: Calculated by author.
Low Kappa coefficients are to be expected by unsupervised classifications. Close
examination of the classification images reveals that the unsupervised classification
overrepresented water land covers and had difficulty distinguishing between suburban
and agricultural land uses. Land cover percentages of the four classes appear to be
accurate, as Jiangning’s urban area has grown substantially between the years 2000
and 2015, replacing agricultural land. Forested and water percentages should remain
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largely static between years, but the unsupervised classification does not reflect this
truism.
Next, supervised classifications are generated for the years 2000, 2010, and
2015. Figure 5.4, Figure 5.5, and Figure 5.6 display each year’s supervised
classification. Table 5.3 contains land cover percentages for each year and class, and
Table 5.4 displays the relevant Kappa coefficients. Finally, Table 5.5 displays the
training data’s ROI separability, or the measure of how distinct each class is from the
others based on the training data selected, in order of the least separated to most
separated pairs. These values range from 0 to 2, with 0 equaling no separation and 2
equaling perfect separation between classes. Values under 1.0 are not considered to be
adequately separated.

Figure 5.4: Supervised classification for Jiangning District, 2000 (Source: Created by
author).
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Figure 5.5: Supervised classification for Jiangning District, 2010 (Source: created by
author).

Figure 5.6: Supervised classification for Jiangning District, 2015 (Source: Created by
author).
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Table 5.3
Supervised Land Cover Classification Percentage
Land Cover
2000
2010
Agriculture
77%
51%
Developed
7%
28%
Forested
12%
15%
Water
3%
3%
Source: Calculated by author.

2015
49%
24%
21%
4%

Table 5.4
Supervised Land Cover Classification Kappa Coefficients
2000
Agriculture Developed Forested Water
Kappa
Agriculture
25
4
0
1
30
Developed
8
19
1
2
30
0.53
Forested
3
0
27
0
30
Water
0
8
0
22
30
36
31
28
25
120
2010
Agriculture Developed Forested Water
Kappa
Agriculture
22
2
6
0
30
Developed
2
24
0
4
30
0.62
Forested
2
0
28
0
30
Water
0
0
0
30
30
26
26
34
34
120
2015
Agriculture Developed Forested Water
Kappa
Agriculture
23
5
2
0
30
Developed
13
16
0
1
30
0.57
Forested
1
0
29
0
30
Water
0
0
0
30
30
37
21
31
31
120
Source: Calculated by author.

Developed
Water
Forest
Forest
Forest
Water

Table 5.5
Supervised Per-Pixel Classification ROI Separability
2000
Class Pair
Value
Agriculture
Developed
Agriculture
Developed
Water
Agriculture
52

1.62288
1.73271
1.76255
1.98263
1.99452
1.99867

Table 5.5 (continued)
Supervised Per-Pixel Classification ROI Separability
2010
Class Pair
Value
Forest
Agriculture
Developed
Water
Agriculture
Developed
Forest
Developed
Forest
Water
Agriculture
Water
2015
Class Pair
Value
Agriculture
Developed
Agriculture
Forest
Developed
Forest
Water
Agriculture
Water
Developed
Water
Forest
Source: Calculated by author.

1.68191
1.89381
1.96363
1.97359
2.00000
2.00000

1.29388
1.48552
1.86456
1.99429
1.99680
2.00000

The supervised classification had a far higher Kappa coefficient, ranging from .53
to .62. Using samples and training data, a more accurate LU/LC classification can be
generated than using unsupervised methods. However, there still exists confusion
between the agricultural and developed land covers, as seen in 2000 and 2015’s low
separability compared to other class pairs and years. While forested and water land
covers are spectrally distinct from each other, desakotas contain agricultural and urban
land uses in a small space. Medium-resolution satellite imagery – such as the 30m2
Landsat 5 and Landsat 8 images used in this study – cannot precisely determine where
the two land uses diverge. Once again, a shift from agricultural land use to developed
space is evident. Under the supervised classification, agriculture holds a higher initial
share of land cover (77%) compared to the unsupervised estimate (52%) but also
decreases less over time.
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5.2

High-Resolution Object-Based Classification of Lukou
As noted earlier in the thesis, one high-resolution image was classified using

object-based classification techniques. This image covered the Jiedao of Lukou, which
includes several large areas of PCGs at the time of the image in 2014. It does not
contain any forests, so that land cover is replaced in the Kappa coefficient calculations
with PCGs. Object-based classification techniques result in a very accurate land cover
classification (Figure 5.7).

Figure 5.7: Object-based classification for Lukou, Jiangning District, 2014 (Source:
Created by author).
Table 5.6
Object-Based Land Cover Classification Kappa Coefficients
2014
Agriculture Developed
PCG
Water
Kappa
Agriculture
29
1
0
0
30
Developed
0
30
0
0
30
0.73
PCG
2
0
28
0
30
Water
0
0
0
30
30
31
31
28 30
120
Source: Calculated by author.
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The overall Kappa classification coefficient is more than acceptable at .73. PCG
raw accuracy is 28/30, or 93% agreement. Object-based classification is able to achieve
high Kappa coefficients thanks to its ability to classify based on polygon attributes in
high-resolution images. For this classification, each area classified as developed or
water was correct, while agriculture and PCG land cover were only slightly less
accurate. Despite having unique textural polygon characteristics, there is still minor
overlap between other types of agricultural land use and PCGs. The most essential
aspect of this classification was to detect PCGs accurately so that further training data
could be added to the medium-resolution supervised per-pixel classification.
5.3

Combined High-Resolution Data with Medium-Resolution Classification
Additional polygons for use as samples and training data were created via

georeferenced photographs collected in the field and from the classified PCG polygons
in the high-resolution object-based classification of Lukou. These new samples train
pixels in the medium-resolution supervised per-pixel classifications that appear to
contain greenhouses to be classified as agricultural land cover. Although imperfect, it
should cause pixels whose measurements fall between agricultural and developed
samples to favor agriculture. Figure 5.8 displays the training data polygons generated
from both on-site photo collection and high-resolution PCG classification.
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Figure 5.8: PCG polygons added to supervised classification training data (Source:
Created by author).
Repeating the earlier supervised per-pixel classifications with supplemental
training data produced the results depicted as Figures 5.9, 5.10, and 5.11. The newly
generated classifications were nearly identical to their respective originals despite
additional training data. Table 5.7 and Table 5.8 display land cover percentages and
Kappa coefficients of the object-trained per-pixel classification, as well as changes from
the original values.
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Figure 5.9: Object-trained per-pixel supervised classification for Jiangning District, 2000
(Source: Created by author).

Figure 5.10: Object-trained per-pixel supervised classification for Jiangning District,
2010 (Source: created by author).
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Figure 5.11: Object-trained per-pixel supervised classification for Jiangning District,
2015 (Source: Created by author).
Table 5.7
Object-Trained Supervised Per-Pixel Land Cover Classification Percentage*
Land Cover
2000
2010
2015
Agriculture
78% (+1%)
55% (+1%)
52(+1%)
Developed
8% (+1%)
28%( +0%)
26% (+2%)
Forested
11% (-1%)
14% (-1%)
19% (-2%
Water
3% (+0%)
3% (+0%)
3% (-1%)
*Note values in ( ) indicate percentage change over original supervised classification.
Source: Calculated by author.
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Table 5.8
Object-Trained Supervised Per-Pixel Land Cover Classification Kappa
Coefficients
2000
Agriculture Developed Forested Water
Kappa
Agriculture
23
5
0
2
30
Developed
9
20
1
0
30 0.52
Forested
1
0
28
1
30 (-0.1)
Water
0
8
1
21
30
33
33
30
24
120
2010
Agriculture Developed Forested Water
Kappa
Agriculture
25
5
0
0
30
Developed
1
25
0
4
30 0.65
Forested
1
0
29
0
30 (+.03)
Water
0
1
0
29
30
27
31
29
33
120
2015
Agriculture Developed Forested Water
Kappa
Agriculture
22
6
2
0
30
Developed
13
17
0
0
30 0.57
Forested
1
0
29
0
30 (+0.0)
Water
0
1
0
29
30
35
24
32
29
120
Source: Calculated by author.

Table 5.9
Object-Trained Supervised Per-Pixel Classification ROI Separability
2000
Class Pair
Value
Developed
Agriculture
1.49462
Water
Developed
1.73421
Water
Agriculture
1.86659
Forest
Agriculture
1.89953
Forest
Developed
1.98457
Forest
Water
1.99452
2010
Class Pair
Value
Forest
Agriculture
1.63429
Agriculture
Developed
1.87479
Developed
Water
1.89485
Forest
Developed
1.98609
Agriculture
Water
1.99184
Forest
Water
2.00000
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Table 5.9 (continued)
Object-Trained Per-Pixel Classification ROI Separability
2015
Class Pair
Value
Agriculture
Developed
Agriculture
Forest
Developed
Forest
Water
Agriculture
Water
Developed
Water
Forest
Source: Calculated by author.

1.22963
1.68148
1.84731
1.91731
1.98942
2.00000

Slight improvements in both the agricultural land cover estimates and the total
Kappa coefficients show that updating the supervised per-pixel classification’s training
data did achieve its goal (% change in parentheses), although important only to a minor
degree. This result is likely due to the object-trained training data constituting a small
fraction of the overall image compared to the training data of other classes, all of which
have widespread representation. Pixel-based overlap between developed and
agricultural classes remains an issue, especially as the time period extends into 2015
and urbanization increases, as seen in reduced separability between agricultural and
developed classes in 2015 especially. Table 5.10 contains each Kappa coefficient result
for comparison purposes. Results for this method of classification, as well as the results
of each previous step, will next be analyzed in context of my initial four research
questions.
Table 5.10
Kappa Coefficients per Image Classification Technique
Land Cover
2000
2010
2015
Unsupervised
0.24
0.30
0.34
Supervised
0.53
0.62
0.57
Object-based
0.73
Object-trained
0.52
0.65
0.57
Source: Calculated by author.
60

5.4

Results as They Pertain to the Research Questions
This study began with four research questions based on McGee & Ginsburg’s

desakota hypothesis. They are all related to the use of arable land within the Jiangning
District desakota from the year 2000 to 2015 or the methods used to estimate this
change. Again, these four questions are:
1. Has arable land remained a prominent land use within the Jiangning
District desakota as predicted by the models of McGee & Ginsburg and
others?
2. What changes have occurred in desakota land use within the Jiangning
District of Nanjing from 2000 to 2016?
3. What lessons regarding desakota regions generally might be derived from
this case study?
4. How can higher spatial resolution satellite imagery improve desakota land
use classifications?
For question one, it does appear that arable land has remained a prominent land
use within the Jiangning District desakota. As one moves further towards the District’s
periphery, agricultural and forested land has remained largely unchanged from 2000 to
2015. However, already-developed areas have expanded and consolidated, signifying a
possible trend towards cities as suggested for Gottman’s Megalopolis (1961).
Regardless, as seen in Figure 3.9 and Figure 3.10, Jiangning District’s vegetable
production has increased despite reductions in its production area. Thus, arable land is
still of great importance to local employment and the local economy.
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Turning to research question two which asks what land use changes have
occurred in Jiangning District between the year 2000 and 2016 shows some interesting
if expected results. This study’s land use classifications find that the predominant
change within Jiangning District has been conversion of agricultural land into developed
land. This result should be expected, of course. Yet, conversion from agricultural land
cover and developed land cover includes PCG coverage. In other words, a certain
percentage of developed land for all of the years in the study are PCGs (greenhouses)
and should be classified as agricultural land despite their spectral reflectance. All three
sectors economic sectors – primary, secondary, and tertiary – have experienced rapid
growth in Jiangning District (Figure 3.8), but only the primary sector has done so while
also experiencing reductions in land cover/land use percentage.
From this study, it is clear that desakota regions are adaptable to both economic
and technological change. They are not merely static snapshots in time from McGee
and Ginsburg’s original studies but are rather reflect phenomena that evolve in the
greater context of their economic surroundings. PCGs are one example of how land
uses in desakota regions evolve to remain competitive and lucrative in the face of rapid
urbanization. Farmers can grow fruits and vegetables under PCGs to maximize returns
despite shrinking arable land stocks. And, in doing so, increase the estimation of
developed land in typical remote sensing classifications.
Lastly, high spatial resolution satellite imagery has proven to dramatically
increase the accuracy of desakota land use classifications when used in conjunction
with object-based classifications. This study’s high-resolution object-based classification
yielded a high Kappa coefficient of .73. However, using that classification as training
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data for medium-resolution imagery is ineffective for a number of reasons. Only
marginal differences were generated between the original and object-trained mediumresolution per-pixel classifications. Thus, while creating high-resolution object-based
classifications are an option for future researchers of desakota regions, alternative
methods for implementing those classifications should be created. Secondly, given the
significant increase in project costs that must be expected from the use of high spatial
resolution imagery, it would not be realistically feasible for researchers to use such
images for this type of research over large areas and over time.
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CHAPTER IV
CONCLUSIONS, FUTURE RESEARCH, AND LIMITATIONS
6.1

Conclusion
This study answered four research questions pertaining to McGee and

Ginsburg’s desakota hypothesis. In short, arable land has remained a prominent land
use within Jiangning District, and agricultural activity has remained productive despite
rapidly growing urban land cover. PCGs are at least in part to thank for increasing
productivity as land area shrinks. Desakotas, then, are adaptable phenomena that can
stand the test of time against competing land uses, such as commercial or residential
properties in an urbanizing area. This study’s use of high-resolution object-based
classification of PCGs was effective, which could lead to further research on desakota
land use/land cover.
McGee and Ginsburg’s desakota hypothesis stated that rapidly growing Asian
cities differed from Western cities in the nature of urban land cover/land use. Asian
cities, such as Nanjing, retain a significant portion of agricultural land and labor despite
rapid urbanization and associated changes on LU/LC. This study created land
cover/land use classifications for Jiangning District, Nanjing over the years 2000, 2010,
and 2015 to determine what changes have occurred since McGee and Ginsburg’s initial
publications. Importantly, a novel method for implementing the blending of on-site data
and high-resolution imagery was created to detect the spatial extent of plastic-covered
greenhouses, within which large amounts of fruits and vegetables are grown. New
methods were developed because PCGs appear as developed land cover in traditional
remote sensing techniques but should be classified as agricultural land use.
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Land cover classifications were created using per-pixel and object-based
methods. 30-meter resolution Landsat 4, Landsat 5, and Landsat 8 images of Jiangning
District were implemented in addition to a 2-meter WorldView-2 image of one Jiedao,
Lukou. Further, on-site data was collected in the form of georeferenced photographs of
PCGs, which were subsequently transformed into training polygons. These polygons
were combined with an object-based classification of the high-resolution Lukou satellite
image to generate training data for a revised medium-resolution supervised per-pixel
classification of Jiangning District. To my knowledge, this is the first time such a hybrid
approach has been tested.
Results of these methods were mixed. High-resolution object-based
classifications of PCGs were highly accurate and must be recognized as the preferred
avenue of research when funds and personnel are available. My research, utilizing onsite data and PCG polygons as training data for medium-resolution imagery was not
able to create a significant difference in medium-resolution classification of all
agricultural land, including agricultural green houses for Jiangning District. The objecttrained per-pixel classification method developed only provided a marginal increase in
agricultural land cover. More on-the-ground training data should be added in future
studies, or alternative methods, such as hyperspectral sub-pixel classification, should
be employed.
Decision makers should understand that remote sensing can only provide a
partial picture of reality. Jiangning’s use of PCGs is just one example of the small but
important difference between land use and land cover. While satellite imagery and
remote sensing techniques can provide a big-picture image of land cover change over
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time, it does not necessarily translate directly into land use changes. On-site
observations and an intimate understanding of the study area is required to make
comprehensive conclusions or wise decisions. Desakota regions, especially, cannot be
identified using only medium or low spatial resolution satellite imagery.
City planners should take note of the continued presence of desakotas and
consider similar laissez faire land use mixtures. Jiangning, as well as Nanjing, has
experienced significant economic growth since the 1990s without strict Western-style
zoning protocols. Via new technologies and practices, farmers are able to compete with
equally evolving land uses. Agriculture should not easily be cast aside in favor of more
commercial or industrial activities, but rather be given time and opportunity to adapt to
new economic environments.

6.2

Limitations of the Study and Future Research
This study was limited to numerous factors involving the use of remotely sensed

images for land-use/land-cover classification. The images, their attributes, and the
techniques used to classify them had unique limitations. Each satellite image was
selected for its coverage of Jiangning District, the year it was collected, and absence of
clouds and other errors. To collect images with the correct attributes, the time of year
each image was taken had to span a range of months from May to October. Although
the images were pre-processed to account for this, it is still possible that the seasonal
differences in vegetation and PCGs contributed to classification error.
Except for the high-resolution image of Lukou, freely available Landsat-5 and
Landsat-8 images were collected to minimize costs of the study. Landsat’s mediumresolution pixels (30m2) allows for full coverage of Jiangning District with a single image
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but is not capable of clearly detecting PCGs. Thus, high-resolution imagery is required
to classify PCGs within desakotas. At a price of $2,192.75 for a single Jiedao, the use
of high-resolution imagery for large areas is cost-prohibitive. This study’s method for
improving medium-resolution per-pixel classifications was unable to generate clear
improvements in part because not enough training data was collected between on-site
photographs and the high-resolution classification made possible through the use of a
single high-resolution image. More high-resolution imagery to classify may improve
results but it should again be noted, this will push costs to prohibitive levels if regular
monitoring is required.
This study did not utilize hyperspectral imagery. Previous researchers have
reported success classifying certain plastic surfaces within thin hyperspectral
bandwidths (Levin et al., 2012; Aguilar et al., 2014; Behling et al., 2015; Novelli et al.,
2016). Hyperspectral imagery may be able to improve the transition from high-resolution
to medium-resolution classification by employing more complex sub-pixel techniques.
This study’s method for applying high-resolution classifications to medium-resolution
imagery was a highly simplified version of sub-pixel analysis, and proved ineffective.
This study’s most successful element was the high-resolution object-based
classification of PCGs. Future researchers should consider following this path. Aguilar’s
2014 and 2016 studies on object-based classification of PCGs proved to be invaluable
for this research. Future researchers should continue to utilize object-based techniques
to discover PCGs but seek new methods for utilizing those classifications.
Hyperspectral imagery may be required to scale classifications from high- to medium-
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spatial resolution, especially in larger areas where many high-resolution images would
be required.
On-site research is key. Data collected from the field may not have had a
significant impact on the study results, but first-hand familiarity with the study area
greatly improved my understanding of the desakota hypothesis and this study’s results
and findings. Words on paper and satellite images can only tell part of the story.
Interacting with people on the ground and experiencing Jiangning District’s landscape
truly put this research into perspective. Future researchers should spend time in the
field to gain a full understanding of desakotas or any subject they choose to study.
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